In this section we show that ConvNetQuake generalizes well to unseen examples of earthquake waveforms. We do this by comparing the number of detections missed by ConvNetQuake and by the template matching method on synthetic data, which provides ground truth.
S1.1 Generating synthetic data
Our synthetic dataset is made of day-long seismic records constructed by inserting at random times, a scaled version of a waveform template (extracted from true data) over a Gaussian noise floor. Gaussian synthetic noise is preferred to realistic seismic noise because it is difficult to assert that no microseismicity is buried in a given time series. Training on a realistic seismic noise provides the risk to train the algorithm to label microseismicity as noise. An example of synthetic time series is shown in fig. S3 . We generate day-long seismic records with Signal to Noise Ratio (SNR) ranging from -1 to 8 dB. The SNR of a time series is defined as the ratio of the power of the inserted event waveforms over the power of the synthetic seismic noise.
That is
where A signal and A noise are the signal amplitude. For a 3-second long template of 3-channel waveform data d sampled at 100 Hz, we define the amplitude of a signal as the L 2 norm of the waveform
where the time index is t and the channel index is c. Similarly A noise is evaluated using the generated Gaussian noise for the 3-second duration.
section S1. Generalization ability of ConvNetQuake
We choose two template waveforms T 1 ( fig. S4a ) and T 2 dure described above, we generate a training set of day-long records using T 1 and two testing sets of day-long records using T 1 and T 2 respectively.
S1.2 Training the network
We partition the continuous synthetic waveform data used for training into windows labeled as either seismic noise or as earthquake. We train ConvNetQuake on these two categories using the procedure detailed in the section Methods of the paper. This allows to test the detection ability of ConvNetQuake.
S1.3 The template matching method
The template matching method consists in cross-correlating the 3-channel day-long seismic records with a 3-channel template of earthquake waveform to detect seismic events. We label a ( fig. S4b ). Using the procetime window as an event when the cross-correlation coefficient is above a threshold β m, where m is the median absolute deviation (MAD) of all the cross-correlation coefficients and β is specified by the user. Using the training synthetic records we find that β = 8.0 provides the best detection accuracy.
S1.4 Performance comparison
Both ConvNetQuake and the template matching method detect all the events inserted using template T 1 ( fig. S4a ) seen during training; the number of missed detection is 0 for all the records with SNR between -1 dB and 8 dB. For the time series created by inserting tem- S4b ) not seen during the training phase, the template matching method misses most of the inserted new templates while ConvNetQuake detects most of them (see Figure 4 in main manuscript). This demonstrates ConvNetQuake's ability to generalize to new, unseen events. The detection accuracy on windows of (unknown) events increases with SNR for Con-vNetQuake whereas template matching's remains low (see Fig 4) . .
In this section, we expand on our autocorrelation analysis to discriminate true from false detections in the set of detections made by ConvNetQuake. There are N w = 4225 windows labeled as events by ConvNetQuake. We cross-correlate all pairs of windows (there are N w (N w − 1)/2 cross-correlations) and take the peak absolute value of the correlation coefficient (CC) per pair.
We do not distinguish between correlated and anti-correlated events because our goal is to detect new events regardless of their polarization, and therefore of their source mechanism. Figure S5 shows that the distribution of those correlation coefficients is skewed and does not peak at CC=0. This is likely due to the selection of the windows detected by ConvNetQuake that section S2. Autocorrelation for detection of new events during July 2014 carry some level of correlation: our algorithm has discarded the uncorrelated seismic noise. We choose a threshold based on visual inspection of waveform coherence among the three components.
We show in ig S6, S7, and S8 the waveforms of detected events that belong to cluster 3 for three different threshold, CC ≥ 0.1 (2271 event waveforms), CC ≥ 0.2 (2129 event waveforms), and CC ≥ 0.3 (845 event waveforms). We decide on a threshold that retains most event signals while allowing for a diversified set of waveform shapes. A threshold of 0.2 retains coherent waveforms visible on at least two out of the three components. Because of the geometry between focal mechanisms, source depth, and receiver location, most of the events detected by (9) and (31) 
